SA-TIED is a unique collaboration between local and international research institutes and the government of South Africa. Its primary goal is to improve the interface between research and policy by producing cutting-edge research for inclusive growth and economic transformation in the southern African region. It is hoped that the SA-TIED programme will lead to greater institutional and individual capacities, improve database management and data analysis, and provide research outputs that assist in the formulation of evidence-based economic policy.
Introduction
Traditionally, occupations have been thought of-by the general public, by expert classifiers, and by economists-as fitting into a hierarchy. Those at the top typically require the most skill and receive the highest pay. Occupations further down the hierarchy receive less pay and are regarded as requiring fewer skills. The highest occupations involve work that is more flexible, include managerial work, and are often regarded as preferable to those lower down. This structure is widely recognized and regarded as normal; even collective bargaining agreements recognize an occupational hierarchy for pay grades. Higher-productivity work is often associated with occupations higher up the hierarchy.
Consistent with this view, technologies that replace labour with machines are viewed as displacing people at the bottom of the ladder. Tractors replace people who use hoes; forklift trucks replace the muscle power of unskilled labour. Development is often seen as requiring raising the skills of the less skilled, allowing them to move up the hierarchy to occupations that both pay more and are more productive. Technological advancement, in this view, is seen as moving people up the ladder.
Evidence from around the world suggests that technological change-especially change related to automation, machine learning, artificial intelligence, and robotics (AMLAIR)-is increasingly disrupting this simple scheme. Rather than uniform upskilling throughout the hierarchy, new technologies are leading to polarization, displacing occupations in the middle relative to those at both the bottom and the top. Many of these relatively skilled middle occupations involve work that can be routinized, in the sense of being codified in a way that allows machines to follow instructions and perform the work. As new technologies develop, it seems the scope for routinization is much greater than was originally thought. From robotic arms that perform tasks such as bolting wheels onto cars, we now see driverless cars becoming a reality. The range of fields in which this is happening seems to be expanding at an accelerating pace. Medical diagnostics and operations through to warehouse management have all become areas where machines can replace human workers.
These routinizable occupations traditionally fall in the middle of the occupational hierarchy in terms of both the skills required and the pay. Disruptive new technologies thus displace workers in the middle. Those higher up the hierarchy tend to undertake work that requires conceptualization, planning, and management, which as yet have not been significantly displaced by AMLAIR. And there are jobs further down the hierarchy that do require human intervention. Although some aspects of nursing or care work, say, can be handed over to machines, there are aspects that require a human touch.
Polarization is thus the notion that occupations in the middle of the traditional hierarchy shrink relative to those at both the top and bottom ends. This might be in terms of numbers of jobs in occupations, or in terms of wages. In either case, there may not be an absolute fall in the middle. Rather, there may be a relative shift: employment or wages in the middle occupations may rise, but more slowly than those at the ends. Other factors-especially overall growth-may counterbalance the absolute effects of polarization.
There is a large and growing academic literature exploring polarization. Although there were earlier studies, Autor, Levy, and Murnane (2003) is a seminal paper. Acemoglu and Autor (2011) provide a survey. Further, more recent contributions have been made by Acemoglu, Autor, and their various co-authors Restrepo 2018a, 2018b; Autor 2013; Autor and Salomons 2018) . Important contributions have been made by Goos et al. (2014) and Das and Hilgenstock (2018) . Polarization in South Africa has been studied in a master's dissertation by van der Linde (2015) , focussing on wage polarization. The issue is also increasingly covered in the media.
These effects are already being felt in South Africa and are likely to strengthen, especially as much of its technological development is the adaptation of global knowledge. Polarization will happen on top of South Africa's already high structural unemployment. This may create a dynamic that is different from that found in developed countries. While some displaced workers from the middle may be able to transition to abstract labour, others will find themselves competing in the already oversupplied market for manual labour.
For this reason, it is probably less useful to 'predict' future skills demands based on past trends than to examine the economy-wide consequences of South Africa following the same trajectory as the rest of the world. Such trends also have potentially profound implications for skills development programmes that policymakers wish to develop. By investigating this, we hope to help develop a basis for modelling to analyse prospective economy-wide changes.
This paper is one of three that look at the issues described above. Each is a distinct paper, but together they enable the development of a suitably adapted economy-wide policy modelling framework to inform labour market policy by analysing the future skills needs of the South African economy. The first paper in the series considers historical trends in order to set the scene for the third paper (Davies and van Seventer 2019a).
In this paper we describe how we extend a 2015 South Africa social accounting matrix (SAM) developed by van Seventer et al. (2019) to the year 2016. At the same time as using updated data we include a labour market disaggregated by occupation. This extended SAM will provide a basis for the construction of an economy-wide modelling framework to examine the implications of likely future growth and structural and technological changes for skills demand in South Africa in a forthcoming paper (Davies and van Seventer 2019b).
Although we have constructed the SAM as an integrated part of our investigation of polarization in South Africa, we hope it will be useful for other purposes, and we are therefore publishing it as a stand-alone piece with supporting data.
We start this paper by outlining the construction of a 2016 SAM for South Africa. A SAM is a consistent data framework that captures the information contained in the national income and product accounts (South African Reserve Bank 2018), a supply table (ST), and a use table (UT) (Statistics South Africa 2018b), as well as the monetary flows between institutions for the year 2016. A SAM is an ex post accounting framework in that within its square format, total receipts must equal total payments for each of its accounts. Since the required data is not drawn from a single source, information is manipulated in order to make it internally consistent. This process is valuable since it helps identify inconsistencies among statistical sources. For example, there are invariably differences between the incomes and expenditures reported in national household surveys and the national accounts. SAMs are economy-wide databases that are used in conjunction with analytical techniques to strengthen the evidence underlying policy decisions.
Section 2 reviews the general structure of SAMs. This is followed by a discussion of how a South African SAM is compiled, using national accounts and Statistics South Africa's ST and UT data sources, into a consistent SAM framework. This results in what we label a SUTSAM, since the data sources only identify a single type of labour and a single household. A subsequent step then draws on survey information to disaggregate the labour account of the SUTSAM. Section 3 describes the data sources used to construct the SAM. Given the diversity and inaccuracy of the various data sources, the SAM is initially invariably inconsistent. The balancing procedure of the SAM accounts is discussed in section 4.
This SAM was constructed in collaboration with the National Treasury of South Africa, based mostly on publicly available information from and the South African Reserve Bank.
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What is a SAM? Table 1 shows an aggregate or macro SAM for South Africa that is consistent with the SAM we will construct, giving verbal explanations instead of numbers.
The 2016 SAM distinguishes 62 'activities' (the entities that carry out production) and 104 'commodities' (representing markets for goods and non-factor services). The activities and commodities are listed in Appendix A of van Seventer et al. (2019) . SAM flows are valued at producers' prices in the activity accounts, and at market prices (including indirect commodity taxes and trade and transport margins) in the commodity accounts. The commodities consist of activity outputs, either exported or sold domestically, and imports. In the activity columns, payments are made to commodities (intermediate demand) and factors of production (value-added, comprising operating surplus and compensation of employees, the latter broken down by occupation as discussed later), as well as activity (production-based) tax. In the commodity columns, payments are made to domestic activities, various tax accounts (for domestic and import taxes), trade and transport margins, and the rest of the world. This treatment provides the data needed to model imports as perfect or imperfect substitutes vis-à-vis domestic production.
The government is disaggregated into a core government account and various tax collection accounts, one for each tax type. In the SAM, direct payments between the enterprises, households, and government are reserved for transfers as reported in the national accounts. Payments from the government to factors (for the labour services provided by public-sector employees) are captured in a government services activity. Government consumption demand is a purchase of the output from this government services activity, which in turn pays labour.
The SAM contains a number of factors of production, which earn incomes from their use in the production process, and then pay their incomes to enterprises, households, government, and the rest of the world. Indirect capital earnings or enterprise profits are taxed according to average corporate tax rates, while some profits are repatriated abroad. The remaining capital earnings, together with labour earnings, are transferred to households. Unlike in the 2015 SAM (van Seventer et al. 2019), households are not disaggregated. Households use their incomes to pay taxes, make transfers, save, and consume domestically produced and imported commodities. 
How is this SAM constructed?
The initial task in building a SAM involves compiling data from various sources into the SAM framework. For this SAM, the information was drawn from national accounts, STs, UTs, and a labour force survey. This information often uses (1) different disaggregations of activities, production factors, and socio-economic household groups, (2) different years and/or base-year prices, and (3) different data collection and compilation techniques. Consequently, the initial SAM typically faces some imbalances between row and column account totals.
The macro SAM shown in Table 2 is an aggregation of the more detailed micro SAM. The details of the micro SAM are described in van Seventer et al. (2019) for the year 2015. The same procedure applies to the benchmark 2016 year of the SAM described in this paper. The only difference is that there is no disaggregation of households, while the labour market disaggregation is more detailed.
The range of datasets used to construct the SAM described above suggests that there may be imbalances (i.e. row and column totals are unequal). However, Statistics South Africa's ST and UT for 2016 are almost consistent with each other and with the national accounts. The inconsistency is considered to be a rounding error, and therefore small enough to load into the existing UT's residual. The latter is itself already merged with the change in stocks, for reasons of modelling convenience.
Final touches
After we balanced the SUTSAM, the wage earnings were disaggregated across labour categories for each activity using 2016 labour market dynamics (LMD) data (Statistics South Africa 2018a).
The following steps were taken:
i. Benchmark employment for the year 2016 was obtained from the LMD report (Statistics South Africa 2018a). Workers 65+ were added since they also earn wages. The total number of workers (employment) amounting to 15,968,004 was our benchmark. ii. The Quarterly Employment Survey (QES, Statistics South Africa 2019) was used to distribute total employment of (i) across the SUTSAM activities, to create an activity level benchmark. QES data excludes agriculture and private household activities (domestic workers). Their respective LMD totals were used. Activity level control totals were subsequently scaled to match LMD one-digit activity estimates, as shown in the LMD report (Statistics South Africa 2018a), which for our purpose also includes the 65+ workers. iii. To disaggregate the employment benchmark for each SUTSAM activity of (ii) across twodigit occupations, employment by SUTSAM activity and two-digit occupation was extracted from the LMD. This included 65+ workers. Missing observations were shown in the extraction for each activity as unreported occupation. These missing observations were distributed for each SUTSAM activity across occupations on a pro-rata basis to arrive at employment by SUTSAM activity and two-digit occupation that meets the overall and SUTSAM activity specific benchmarks of (ii). As an additional benchmark, employment for one-digit occupation, as shown in the LMD report (Statistics South Africa 2018a)and scaled up to include 65+ workers-was imposed. iv. Earnings per worker by SUTSAM activity and two-digit occupation were derived from the LMD by taking the ratio of earnings and workers for each SUTSAM activity and occupation. Earnings per worker were multiplied with employment of (iii) to arrive at adjusted wage earnings. v. The occupation shares of each activity's total earnings were derived from (iv) and multiplied with the SUTSAM earnings for all occupations of each SUTSAM activity. In this way internal consistency was ensured.
We use two-digit occupations as shown in the Appendix. A mapping to a broad task-based aggregation of occupations is based on Acemoglu and Autor (2011) and Acemoglu and Restrepo (2018b) .
Summing earnings across activities results in total labour income for each two-digit occupation group. Each two-digit occupation group's total earnings are distributed to households and in addition to the rest of the world. The latter is based on the same shares as total labour earnings. These shares can be derived from the entries in the third column of Table 2 . The rest of the SAM remains unaffected by the disaggregation.
In order to substitute any occupation (or task-based aggregation thereof) with capital, it makes sense to break capital stock down to some degree as well. Our working hypothesis is that the routine tasked aggregation of occupations listed in the Appendix may or may not easily substitute for capital stock of plant, machinery, and other office equipment. Substitution is not likely to be the case with capital stock of transport equipment (at least not in the foreseeable future), nonresidential buildings, and other capital stock. For this purpose, we use the Annual Financial Statistics (AFS) Survey for the year 2016 (Statistics South Africa 2017). A range of capital stock types are identified for a large number of activities. We map the activities to the 62 identified in our SAM, and we create an activity-level breakdown for 'other property, plant, and equipment' plus 'plant, machinery, and other office equipment' on the one hand, and all other capital stock on the other. Note that we include 'computer software' and 'computers and other IT equipment' in the latter, as we consider this more likely to be complementary to the abstract aggregation of occupations in the Appendix, rather than substitutable with the routinized aggregation of occupations.
Based on the shares of equipment in capital stock for each industry, we then replace the single account for the earnings of the production factor capital (gross operating surplus) with two accounts, i.e. equipment capital stock and other capital stock. Thus, the working assumption is made here that for each activity, the shares of capital stock and the shares of earnings of the production factor capital are the same. Unfortunately, the AFS does not allow us to improve on this rather heroic assumption. Be that as it may, the total earnings for each disaggregated production factor capital (i.e. equipment and other capital) are distributed to the recipients in the SAM according to the shares of the entries shown in column 4 of Table 2 . The rest of the SAM remains unaffected by the disaggregation.
In summary, we have disaggregated the SUTSAM, which was based on national accounts and Statistics South Africa's ST and UT data for 2016 with only a single account for labour and capital, into one in which both are disaggregated.
Supplementary data: physical capital stock and employment
Although SAMs are typically presented in monetary values, modellers and other users might wish to refer to the physical quantities that are associated with certain flows. In particular, employment figures related to the wage flows recorded in the SAM can be useful. Employment estimates by SUTSAM activity and occupation are described in (iii) of section 4 above.
In our case we also want to use physical capital stock estimates for the two types of capital mentioned in the previous sections. A similar albeit somewhat simpler approach was followed with regard to the capital stock data. The activity-level shares of equipment and other capital stock were derived from the AFS (Statistics South Africa 2017) and made consistent with South African Reserve Bank one-digit capital stock data (South African Reserve Bank 2018) using AFS shares of their one-digit lower-level control totals. The data is available in the accompanying Excel workbook.
Earnings rates for labour
Now that we have estimates of earnings for the factors of production as well as physical stocks of them, we can present earnings rates. Here, we limit the exposition of earnings per worker to industry and occupation averages respectively, and we ignore the underlying detail of combinations thereof. Further detail is available in the accompanying Excel workbook. In Table 3 we consider average earnings rates for activities.
While it comes as no surprise that financial intermediation-related activities are in the top rankings, it is somewhat revealing that there are quite a few mining and manufacturing-related activities up there as well. As expected, at the bottom of the table we find activities such as agriculture, sewerage and refuse disposal, retail trade, and the hospitality industry. The ratio of these bottom activities relative to the top 10 or so is roughly 1:10. Results at the occupation level are reported in Table 4 . We also add the physical employment numbers.
There are five occupations that stand out at the top of the two-digit ranking, including health and science professionals, legislators, and managers. At the bottom of the two-digit occupation ranking are subsistence agricultural workers, other agriculture-related workers, elementary workers, and salespersons, among others. Again, a large gap can be seen from the top of the table at around 1:10. This gap is confirmed in the top half of the second tableau of the tables, where average earnings of the one-digit occupations are presented. With the task-based aggregation of occupations, the gap is somewhat smaller, in the region of 1:6, i.e. the abstract tasked aggregation of occupations earns on average about six times the manual tasked aggregation of occupations, and just over three times the routine tasked aggregation. It can also be seen that routine tasked employment constitutes about 40 per cent of total employment, with abstract and manual tasked labour making up 10 per cent and 50 per cent respectively. Source: authors' calculations. 
Conclusions
If we want to examine the economy-wide consequences of South Africa following a similar trajectory of labour market polarization to the rest of the world, we need to develop an appropriate database for an economy-wide policy analysis framework. Such a trajectory can have potentially profound implications for skills development programmes that policymakers wish to develop. More specifically, our challenge was to expand the SAM for South Africa and physical stocks of the factors or production with more labour and capital market detail.
In summary, we have disaggregated the SUTSAM, which was just based on national accounts and Statistics South Africa's ST and UT data with only a single account for labour and capital, into one in which both are disaggregated. In doing so, we hope to help develop a basis for modelling to analyse prospective economy-wide changes.
